Abstract
Introduction
Due to attractive advantages, e.g., low cost, ease of deployment and wide range of possible application scenarios, wireless mesh networks (WMNs) [1] have received increasing attention recently from both academic communities and industrial organizations. And WMNs have been widely accepted as a promising technology to provide broadband wireless access.
As a kind of wireless multi-hop network aiming wireless broadband applications, WMNs need efficient packet forwarding mechanism. Routing is one of the vital technologies to solve this problem [2] [3] [4] . However, the inherent broadcast and lossy nature of wireless links in WMNs [5] is a great challenge for efficient routing designing.
In 2000, Ahlswede et al. first proposed the concept of network coding [6] , which changes the classic replicate/forward mechanism in computer network and allows nodes in network to mix multiple packets into one packet. Consequently, network coding could increase the information density in transmissions, improve the throughput of network significantly and save the bandwidth resource. In addition, the inherent broadcast nature of wireless channel [7] in WMNs makes network coding particularly advantageous in opportunistic listening and coding.
The capability of network coding in throughput improvement motivates the proposition of network coding based routings [8] [9] [10] for wireless mesh networks. In these routings, nodes detect routes and coding opportunities in distributed manner, and hardly obtain optimal routes.
The coding aware routing problem can be modeled as a combinatorial optimization problem [10] . Motivated by the excellent capability of genetic algorithm (GA) [11] [12] in solving combinatorial optimization problem, this paper proposes a Genetic algorithm based Coding Aware Routing (GCAR) for wireless mesh networks, which employs genetic algorithm to optimize routes and coding opportunities. Several key ingredients are re-designed: chromosome representation, genetic operation of crossover and mutation, fitness function considering coding opportunity and node load. Through simulations on a randomly generated wireless mesh network, GCAR is shown to find optimal routes within a short time, and achieve more improvements than the previously proposed methods on route setup time, throughput, end-to-end delay, and load balancing. Especially, in case of heavy load, GCAR achieves excellent performance.
The rest of this paper is organized as follows. Section 2 elaborates the related works. Section 3 introduces the system model and problem formulation. The details of GCAR are described in section 4. Section 5 gives the performance evaluations of GCAR. Section 6 concludes this paper.
Related work
Katti et al. first proposed network coding based routing for WMNs, called COPE [13] , and bridged the gap between network coding theory and practical wireless network. In COPE, representative coding topologies existing coding opportunities were summarized. Whereas, the coding topologies in COPE are limited within two-hop range. Besides, COPE detects coding opportunities in discovered routes and separates the process of route discovery and coding opportunity detection neglecting some potential coding opportunities.
To address the drawbacks of COPE, reference [14] introduced the concept of coding aware, which combines coding opportunity detection in route discovery phase, and proposed the first coding aware routing ROCX. Thereby ROCX could further increase coding opportunities and network throughput. Le et al. proposed distributed coding aware routing, called DCAR [15] , which extends the coding topology range. Reference [16] and [17] attempted to solve the coding opportunities detection in multipath routing. The agent based coding aware routing is presented in [18] .
However, in current network coding based routings, nodes exchange messages frequently to learn information of neighbors and detect coding opportunities by comparing flow patterns locally with typical coding topologies. This manner is hard to get optimal routes with maximum number of coding opportunities and load balancing, especially the case of large scale network. Genetic algorithm [11] is a type of optimization technique that simulates the evolution process of creatures in nature. It can control the search process adaptively by obtaining and accumulating the knowledge about the research space, until the optimal solution is finally found. The general workflow of genetic algorithm is shown in Fig.1 . In genetic algorithm, chromosomes are used to represent solutions of problem. A chromosome is corresponding to a solution. Multiple chromosomes compose a population. Firstly, the coding and decoding mechanism is selected to encode candidate solutions and create initial population. Then the fitness value of each individual is evaluated. Based on their fitness, multiple individuals are stochastically selected from the current population, and modified (crossover and mutation) to form a new population. The new population is then used in the next iteration, until the termination conditions are satisfied: a maximum number of generations have been produced or a satisfactory fitness level has been reached for the population.
GA appears to be ideal for handling discrete problem, as the routing in WMNs. Further, it is quite simple and robust, and very easy to be implemented via parallel distributed process, so that using GA to solve coding aware routing problems could be efficient and feasible. GA is usually considered as a standard technique. However, the coding aware routing requires some original modification to genetic algorithm, which will be investigated in following sections.
Whereas, current research of network coding using genetic algorithm focuses on the network coding resource minimization [19] [20] . To the best of our knowledge, this paper is the first work that exploit genetic algorithm for coding aware routing.
System model and problem formulation
The wireless mesh network can be abstracted as a undirected graph G(V,E), where V denotes the set of mesh routers, E is the links set. l ij ∈E is the link from node i to j. |V| is node number of network, while |E| is the links number. Let N(i)={j| l ij ∈ ∈ E, j V&i≠j} denotes the neighbors set of i and |N(i)| is its neighbor number.
Since mesh clients always delivery their traffic to mesh routers associated to them, mesh clients do not need to be involved in routing algorithm. Therefore, GCAR focuses on the routing among mesh routers without consideration of gateway.
Suppose I ij (r) is the indicator whether a route r traverses l ij , it can be expressed as formula (1):
Given a route request from S to D, the routing in GCAR can be formulated as a following optimization problem:
subject to:
The cost(l ij ) is the cost of link l ij . The formula (3) is to avoid loop in routes.
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GCAR behavior
The overall work flow GCAR is shown in Fig.2 . The behavior of GCAR has two differences between GCAR and general genetic algorithm. In GCAR, coding opportunity detection is carried out before fitness value calculation to find coding opportunities in routes. The mechanism of coding opportunities detection of GCAR is adapted from that of DCAR. Besides, having finished the genetic operations of crossover and mutation, the repair function is used to repair those new generated, but invalid chromosomes.
Genetic 
Population initialization
Before delving into the problem of population initialization, the chromosome representation is first investigated. Chromosomes in genetic algorithm are used to represent problem solutions through proper coding mechanism. The chromosome in GCAR consists of sequences of node IDs that a route traverses. Each gene in the chromosome is corresponding to a node on the route. Since the hop number of route is not fixed, the length of the chromosome in GCAR is variable. A chromosome coding example in GCAR is given in Fig.3 . In Fig.3 , there is a route from
, the chromosome of the route is the ID list of the nodes along the route.
Population initialization is to create predefined number of chromosomes corresponding initial routes. These initial routes can be calculated based on network state database (NSB) of the network. The NSB can be easily constructed and managed in real-time by routing protocols such as DSR [21] , but the detailed schemes are beyond the scope of this paper. 
Fitness function
Fitness function in GCAR is used to evaluate the individual route performance in population. Therefore, fitness function is critical and must reflect the quality of each chromosome accurately. Since GCAR is to find route with minimal cost path, the fitness function in GCAR is obvious. Suppose lc ij is the cost of link l ij , for a chromosome s, its fitness function is defined as follows:
Actually, the fitness function of a route is the reciprocal of route cost. However, the definition is link cost is vital as well. In GCAR, the link cost should indicate he benefit of network coding to network in bandwidth saving. On the other hand, it should also reflect the influence of node load and interference due to the inherent open nature of wireless medium. The link cost is defined as follows: In formular (5), ETT ij is defined in [22] . Assume δ ij is load factor, while γ ij is the coding gain factor. Besides, q i is the occupied length of i's queue, Q i is the total queue length of i, N ij =N(i)∪N(j) . The parameter load factor δ ij is defined as follows:
Assume nc i is the number of flows that participate in network coding, the coding gain factor γ ij is defined as follows:
Genetic operation
The probability of a chromosome s being selected for genetic operation is related to its fitness value. The higher its fitness value, the more probability it is selected. This guarantees that the individuals with better performance in the population are more likely to be selected for next generation.
Roulette wheel algorithm is used to in selection operation of GCAR, and the probability that a chromosome is selected for genetic operation is as follows:
The genetic operations in GCAR consist of route mutation and route crossover applied to routes represented by node IDs. Crossover operation is carried out on a pair of routes. First, the common nodes of the two routes except the source and destination are found as candidates of crossing point. Then check whether the part between the source and the common node is the same. If so, the common node will be dropped from the candidates, since the crossing operation at this node will not create any new chromosome. The crossing point will be selected randomly from the left common nodes, and crossover is performed through exchanging the sub-string after the crossing point. If there is no common node satisfied, the crossover operation will not be performed. Mutation operation is performed on a route, where a mutation point is selected randomly from the chromosome except the source and destination. Then, the node at mutation position is replaced by a neighbor of last hop in chromosome. The sub-string after the mutation point is replaced by a new feasible route. After the genetic operation, repair function is used to repair the new generated routes to avoid loop.
Figure 4. Genetic operations example in GCAR
The genetic operations example is shown in Fig.4 . The Fig.4(a) shows the example topology, where the source is 1 and destination is 8. In Fig.4(b) , there are two chromosomes(13568 and 13258), and their common nodes are 3 and 5. However, the part between 1 and 3 in both chromosomes is the same. If node 3 is selected as crossing point, no new chromosome will be generated. Therefore, 5 is chosen as crossing point and new chromosomes are generated (1358 and 132568). The mutation operation is explained in Fig.4(c) , where original chromosome is 13468 and 3 is chosen as mutation point. Since 4 is the neighbor of 1, node 3 in mutation point is replaced by 4 and the sub-route after 3 is replaced by new sub-route (468). After mutation operation, the new chromosome is 1468.
Performance evaluation
Simulation parameter
To validate the performance of GCAR, simulations using NS2 are carried out. The simulated network is composed of 20 nodes randomly placed in an area of 800m×800m. GCAR is implemented on top of 802.11b MAC with channel bandwidth of 11 Mbps at each node. For facility of performance analysis, DCAR and GSPR are used for performance comparison. GSPR uses ETT as its routing metric.
All flows are of identical traffic characteristics, i.e. data rate and packet size in simulation. The offered load is sent as CBR and increases gradually. The source and destination of each flow is randomly selected from the 20 nodes.
To investigate how evenly traffic is distributed over the entire network, the parameter traffic distribution index as defined in [18] is used. According to results of numerous simulations, the population size is set 20, the crossover probability is 0.8, and the mutation probability is set 0.1. GCAR terminates by the maximum number of generations. The maximum number is set 100. The mean route setup time of GSPR and GCAR is far below than that of DCAR and more smooth, due to the advantage of genetic algorithm in optimization. Since additional coding opportunity detection and route repairing in GCAR, the mean route set up time of GCAR is slight higher than GSPR. However, the route in DCAR is discovered through RREQ/RREP messages, leading to its route setup time relying on the round-trip time of massages. In case of heavy load, the probe message costs more roundtrip time due to congestion. Therefore, the route setup time of DCAR grows rapidly in heavy load intensity. Fig.6 depicts the throughput of GCAR versus offered load. It is obvious from this figure that GCAR outperforms GSPR and DCAR, especially in case of heavy load. Since GSPR always chooses the shortest path, its performance in throughput is worst. The queue length of the every node along the route is considered in DCAR, while the influence of interference is not taken into account. This leads to throughput of DCAR degrades compared with GCAR, especially in case of heavy load. .7 shows the transition of the mean end-to-end delay of GCAR with offered load. When the offered load is lower than 12 Mbit/s, the difference of the three mechanisms in delay is small. However, with the increase of offered load, congestion occurred in GSPR resulting rapidly delay growth, and the interference in DCAR influences its delay performance. Therefore, the delay of GCAR is the best in heavy traffic intensity. Fig.8 graphs the transition of traffic distribution index with offered load. This figure indicates that GCAR exhibits a best distribution of traffic. The reason for this is that the node load and the interference are both taken into account in the route selection of GCAR. Therefore, GCAR could steer clear of hot spot in the network. Since the traffic is always assigned on the shortest path in GSPR, its traffic distribution index is worst.
Simulation results
Conclusion
In this paper, a Genetic algorithm based Coding Aware routing (GCAR) for wireless mesh networks is presented. In GCAR, genetic algorithm is exploited for routes and coding opportunity optimization. Besides, the key ingredients e.g., chromosome representation, fitness function, genetic operation, are re-designed. Simulation results show that GCAR could discovery routes with coding opportunities within a shorter time compared with other coding aware routing, with load balancing and shorter route setup time.
